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Introduction
In early 2018 US President Trump announced 'Fake News Awards' and thereby continued his questioning of the accuracy of the media. The President used Twitter to announce the winners, most frequently naming the New York Times and CNN for a series of transgressions which varied from minor errors by journalists on social media to news reports that later invited corrections. Given his predilection for criticising the media, the authors thought it might be of interest to subject some of his own prounouncements to textual analysis using data mining techniques. We decided to analyse his 2018 State of the Union Address (SOUA), a series of 10 days of recent tweets, running from 19 January 2018 to 29 January 2018 plus, as a means of providing a contrasting benchmark, President Obama's 2016 SOUA.
The contents of these are analysed using the R package 'sentiment'. Data mining refers to the process of analysing data sets to reveal patterns, and usually involves methods that are drawn from statistics, machine learning, and database systems. Text data mining similarly involves the analysis of patterns in text data. Sentiment analysis is concerned with the emotional context of a text, and seeks to infer whether a section of text is positive or negative, or the nature of the emotions involved. There is a variety of methods and dictionaries that exist for undertaking sentiment analysis of a piece of text.
Although sentiment is often framed in terms of being a binary distinction (positive versus negative), it can also be analysed in a more nuanced manner.
We decided to apply the R package 'sentiment', which distinguishes between ve dierent emotions, namely joy, sadness, anger, fear and surprise. There are many dierent forms of sentiment analysis, but many use the same basic approach. They begin by constructing a list of words or dictionary associated with dierent emotions, count the number of positive and negative words in a given text, and then analyse the mix of positive and negative words to assess the general emotional tenor of the text.
Linear thinking is the enemy of the political victor (Reid, 1988) . We recognize that in the context where political persuasion occurs, based essentially on words and emotions, that words are not the only medium and this may be a limitation of any study. The immediacy of language can be inuential in persuasion (Wiener and Mehrabian, 1968) . Words may be overpowered by other non-verbal cues, such as the tone of voice and facial expression (Mehrabian, 1981) . McLuhan (1964) proposes that the media, as opposed to the content that they carry, aect society by way of its characteristics rather than its content. With Twitter there is a new medium, and Trump's style of presentation constitutes a break from tradition. The combination makes an inuential impact. By targeting specic segments of the voting population, he may, as Swartz The paper is divided into four sections. An explanation of the research method is given in Section 2, Section 3 presents the results, and Section 4 provides a brief conclusion.
Research Method
The analysis features the use of an R library package which facilitates sentiment analysis, 'sentiment'. The 'sentiment' package was written by Dvries (2012), is now archived from the current release of R, and has to be loaded from 'Github.com'. It is a dictionary-based method which calculates sentiment scores using anity dictionaries. The program splits strings into words (by default at space), looks up an anity score for each word, and returns the average, using a scale from +5 to -5. The authors apply this package because it is more nely grained and categorizes ve dierent sentiment emotions, namely joy, sadness, anger, fear and surprise, and reveals greater information about the emotional tenor of the text or string that is analysed.
We also experimented with the 'SentimentAnalysis' package from the R library that was released on the Cran R repository in 2017 by Feuerriegel and
Pröllochs. This package features use of opinion mining to extract the polarity of the expressed opinion in a range spanning from positive to negative. The package implementation uses various existing dictionaries, such as QDAP or Loughran-McDonald, but also provides a facility to generate purpose-built dictionaries. However, for current purposes, we preferred the analysis provided by the 'sentiment' package.
The process of performing sentiment analysis requires textual input in a machine-readable format. Pre-processing is required to turn the text into single words, followed by what are common pre-processing steps: stopword removal, stemming, removal of punctuation, and conversion to lower-case. This was an issue, in particular, for President Trump's twitter feeds. In the application of the 'SentimentAnalysis' package, we tried adopting a binary framework which permitted the computation of the polarity of a document on a scale from very positive to very negative. However, the categories are not further distinguished or rated, such that all positive words are assigned the same degree of positivity. The binary analysis factor has two levels, indicating positive and negative Ignoring the 'unknown' category, the predominant emotion recognised in Figure 1 is 'joy', followed by 'anger', 'fear' and 'surprise', all at very low levels.
Almost 50 per cent of the address is not classied, but 20 per cent is classied as being 'joy', which is a positive emotion. The most prominent words in the word cloud in Figure 3 are 'welcome', 'thank' and 'wonderful'. If we move around the cloud in an anti-clockwise manner, words in the 'joy' section include 'strong', 'happy', 'security','economy', 'services', 'policy', and so forth. In the 'anger' section below, we have 'murder', 'holocaust', 'genocide', 'victims', 'shooting', and so on. In the 'fear' section, we see 'deferred', 'pathway', 'citizenship', 'childhood arrivals', and so on. There are no words in the suprise section, which was the smallest category, while the unknown is the largest section, with a diverse grouping of words, with none given noticeable prominence.
We then analyse the tweets from 19 January to 29 January 2018. These tend to be governed by what President Trump momentarily deemed to be the issues demanding his attention in that ten-day period. 'DACA' (Direct Action on Childhood Arrivals) received attention, as did the 'wall', Afghanistan, following Taliban bombings, Holocaust Remembrance Day, and the Border Patrol The results show, that once again, 'joy' is the most frequently recognised emotion, followed by 'anger', 'fear' and 'surprise', at much lower frequencies. It is noticeable in Figure 7 that, although the emotion 'joy' predominates, it is not to the same extent as in the previous analysis of the Trump 2018 SOUA and tweets. This is reinforced by the analysis depicted in Figure 8 , which reveals that the predominant sentiment in Obama 2016 SOUA is negative, by an extremely large margin. The word cloud presented in Figure 9 for Obama 2016 SOUA reveals that the most frequently occurring words are 'cynics', 'knows', 'might' and 'surprise'. If we examine the cloud, beginning with the emotion 'joy' and moving in an anti-clockwise manner, we see under 'joy' the words 'economic', 'changing', 'energy', 'budget', technology', 'school', 'retrain', 'tax' , 'education', 'insurance','computer', 'health', and so on.
Under the rubric 'sadness', we note the words 'families', 'college', 'inux', 'immigrants', 'rights', 'cost', 'community', 'depression', 'years', 'ghting', 'focus', 'want', and so on. Under 'anger', the words 'squeeze', 'belief ', 'poverty', 'workers', 'jobs', 'shot', 'economy', 'tougher', and 'retire' are prominent.
The emotion 'fear' suggests the words 'future', 'fear', 'country', 'control', 'lincoln', 'threatening', 'restore', 'promised', 'dogmas', 'questions', and 'nation', to cover a selection. There is nothing mentioned in the category 'surprise', and the rest of the classication is 'unknown'. As suspected, according to the bootstrapped t test, the Trump 2018 SOUA 'joy' score is signicantly higher than the Obama 2016 SOUA 'joy' score. The mean t value is -3.553, with a mean probability of 0.0043.
We also undertook non-parametric sign tests of the dierences in the sentiment scores in the individual SOUA texts. This test is based on the fact that, if two samples, x and y, are drawn randomly from the same distribution, the probability that x i > y i , for each observation i, should equal 0.5. The test statistic is w, the number of observations for which x i > y i . Under the null hypothesis this follows the Binomial distribution with parameters (n, 0.5), where n is the number of observations. Table 2 shows the results of a series of sign tests on sentiment. These suggest 
